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Interpretative summary:  Visible and near-infrared bulk optical properties of raw milk. 1 
Aernouts. 2 
The quality of milk is important for the dairy farmer, milk processing plants, retail and 3 
the consumer. Optical techniques based on Vis/NIR spectroscopy have already proven their 4 
potential for automated monitoring of the milk composition and microstructure as these 5 
properties are related to respectively the absorption and scattering of light. Nevertheless, the 6 
interaction between absorption and scattering of the light travelling through the sample 7 
complicates the interpretation of the measured signals. Therefore, the sensor should be well 8 
designed and combined with a robust light propagation model to obtain accurate predictions of 9 
the milk properties. In this paper, the Vis/NIR bulk optical properties of raw milk are studied 10 
and reported. This information is essential for the optimization of a Vis/NIR optical milk quality 11 
sensor. 12 
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The implementation of optical sensor technology to monitor the milk quality on dairy 26 
farms and milk processing plants would support the early detection of altering production 27 
processes. Basic visible and near-infrared (Vis/NIR) spectroscopy is already widely used to 28 
measure the composition of agricultural and food products. However, to obtain maximal 29 
performance, the design of such optical sensors should be optimized with regards to the optical 30 
properties of the samples to be measured. Therefore, the aim of this study was to determine the 31 
Vis/NIR bulk absorption coefficient, bulk scattering coefficient and scattering anisotropy 32 
spectra for a diverse set of raw milk samples originating from individual cow milkings, 33 
representing the milk variability present on dairy farms. Accordingly, this database of bulk 34 
optical properties can be used in future simulation studies to efficiently optimize and validate 35 
the design of an optical milk quality sensor. In a next step of the current study, the relation 36 
between the obtained bulk optical properties and milk quality properties was analyzed in detail. 37 
The bulk absorption coefficient spectra were found to mainly contain information on the water, 38 
fat and casein content, while the bulk scattering coefficient spectra were found to be primarily 39 
influenced by the quantity and the size of the fat globules. Moreover, a strong positive 40 
correlation (R ≥ 0.975) was found between the fat content in raw milk and the measured bulk 41 
scattering coefficients in the 1300 – 1400 nm wavelength range. Relative to the bulk scattering 42 
coefficient, the variability on the scattering anisotropy factor was found to be limited. This is 43 
because the milk scattering anisotropy is nearly independent of the fat globule and casein 44 
micelle quantity, while it is mainly determined by the size of the fat globules. As this study 45 
shows high correlations between the sample’s bulk optical properties and the milk composition 46 
and fat globule size, a sensor which allows for robust separation between the absorption and 47 
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INTRODUCTION 52 
A precondition for increased profitability in dairy farming is an increase in both the 53 
lactation and lifetime production per cow. Therefore, more effective prevention and early 54 
treatment of all diseases, especially the so-called 'production diseases', is needed (Hamann and 55 
Krömker, 1997). To meet these demands, individual cow and udder health should be carefully 56 
monitored. Since the milk production is a dominant factor in the metabolism of dairy cows, 57 
involving a very intensive interaction with the blood circulation, the extracted milk contains 58 
valuable information on the nutritional, metabolic and infectious status of the cow (Aernouts et 59 
al., 2011; Løvendahl et al., 2010; Forsbäck et al., 2010, 2009; Friggens et al., 2007; Mulligan 60 
et al., 2006; Hamann and Krömker, 1997). Therefore, regular analysis of the produced milk is 61 
considered to be the most efficient way to monitor cow and udder health. Online measurement 62 
of the milk components (fat, protein, lactose, etc.) during milking twice a day would offer the 63 
potential for early detection of systemic and local alteration, thus providing a valuable input for 64 
strategic and operational management decisions (Friggens et al., 2007). 65 
Visible (Vis) and near-infrared (NIR) spectroscopic analysis of raw milk allows for a 66 
reliable detection of the fat, protein and lactose concentration in the lab (Aernouts et al., 2011). 67 
The prediction of this milk composition is mainly based on the wavelength-dependent 68 
absorption of Vis/NIR radiation by the milk constituents. The industry has recently adopted this 69 
technology, and implemented it into milking systems to measure the major milk components 70 
on-line (Pinsky et al., 2013; Katz et al., 2011, 2003). However, despite of the continuous 71 
recalibration, their accuracy and robustness is still not sufficient to support cow health 72 
management (Kaniyamattam and De Vries, 2014). This is mainly because the measured spectral 73 
signals are, next to absorption, considerably influenced by the physical properties of the milk 74 
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in terms of the quantity and size of the fat globules and casein micelles. Since the refractive 75 
indices of milk fat and casein differ from that of the milk serum, the Vis/NIR radiation is forced 76 
to deviate from its straight trajectory (Tuchin, 2007). Because of these scattering processes, the 77 
travelling path of the radiation increases to an unknown extend. This complicates the prediction 78 
of the composition from measured spectra. Homogenization of the milk fat globules could 79 
reduce and standardize the Vis/NIR scattering to improve the prediction results. For example, 80 
in the early days of milk analysis, the Milko-tester (Foss Electric, Hillerød, Denmark) measured 81 
the Vis scattering after dispersion of the casein micelles and homogenization to produce a more 82 
uniform fat globule size distribution. Accordingly, the light attenuation depends mainly on the 83 
amount of fat globules and can, therefore, be used to obtain a rough estimate for the fat content 84 
(McDowell, 1968). However, because of its destructive character, high energy consumption 85 
and significant wear and tear, the proceeding homogenization step is not desired in online 86 
analyses on-farm. Alternatively, the non-linear interference due to light scattering can be 87 
reduced with empirical methods (e.g. baseline correction, derivatives, …) or over-simplistic 88 
scattering models (e.g. normal, piecewise and extended multiplicative scatter correction, path 89 
length correction method, …) and/or can be partially accounted for by the prediction models 90 
(e.g. partial least squares, support vector machines, …) (Aernouts et al., 2011). However, these 91 
techniques only provide acceptable results for samples with absorption and scattering properties 92 
similar to those consulted in the calibration procedure (Melfsen et al., 2013). As the quantity 93 
and size of the fat globules and casein micelles for different fresh raw milk samples experiences 94 
large variations, the scattering properties too vary a lot (Logan et al., 2014; Cabassi et al., 2013; 95 
Nielsen et al., 2005; Vangroenweghe et al., 2002). Consequently, it is very challenging to fully 96 
compensate for all this scattering variability with a single empirical calibration model. 97 
Therefore, more powerful and advanced techniques are needed to remove the scattering 98 
interference from the measured Vis/NIR spectra (Melfsen et al., 2012). 99 
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In Vis/NIR spectroscopy, accurate separation of the absorption and scattering properties 100 
would reduce the need for empirical scatter corrections and promote robust prediction of the 101 
sample composition (Steponavičius and Thennadil, 2013, 2011; Steponavicius and Thennadil, 102 
2009). Moreover, the pure absorption, defined as the bulk absorption coefficient µa (cm
-1), is 103 
the probability of absorption per unit infinitesimal path length at a specific radiation wavelength 104 
and relates directly to the sample composition according to the Beer-Lambert law. The 105 
scattering, on the other hand, can be described with the bulk scattering coefficient µs (cm
-1) and 106 
the angular scattering pattern or scattering phase function. The bulk scattering coefficient 107 
defines the probability of scattering per unit infinitesimal path length in a similar way as µa 108 
represents the absorption. The scattering phase function is generally too complex to reproduce 109 
and interpret and is, therefore, often represented by its mean cosine: the scattering anisotropy 110 
factor g. The scattering anisotropy for biological tissues and fluids in the Vis/NIR range varies 111 
between 0 (isotropic scattering) and 1 (complete forward scattering) (Tuchin, 2007). These 112 
scattering properties are determined by the physical microstructure properties of the sample 113 
(e.g. particle size distribution, particle volume concentration, material properties, …). For milk, 114 
this primarily relates to the quantity and size of the suspended fat globules and, to a smaller 115 
extend, the casein micelles (Aernouts et al., 2015; Bogomolov et al., 2013; Bogomolov and 116 
Melenteva, 2013; Dahm, 2013; Kucheryavskiy et al., 2014; Bogomolov et al., 2012). As these 117 
properties affect the physicochemical, functional and sensory characteristics of the raw milk 118 
and derived dairy products, they are important quality parameters (Cabassi et al., 2013; 119 
Schenkel et al., 2013; Walstra et al., 2006; Michalski et al., 2004, 2003). Moreover, the size of 120 
fat globules in milk from infected udder quarters (mastitis) is increased significantly and could, 121 
therefore, give insight into the udder health status of each individual cow and udder quarter 122 
(Mizuno et al., 2012; Erwin and Randolph, 1975). Accordingly, extraction of physical 123 
microstructure information, such as the fat globule size distribution, from isolated scattering 124 
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properties would create an added value for Vis/NIR spectroscopy on raw milk (Aernouts et al., 125 
2015; Cabassi et al., 2013). 126 
In a single Vis/NIR spectroscopic measurement, usually reflectance or transmittance, 127 
both the effect of absorption by the chemical molecules and scattering by the physical particles 128 
are inter-connected and cannot be accurately separated. Consequently, a change in the scattering 129 
properties of a measured milk sample might be misinterpreted as a change in the milk 130 
composition (Melfsen et al., 2012). On the other hand, multiple spectroscopic measurements in 131 
a slightly different configuration are not perfectly correlated and will, therefore, be influenced 132 
by absorption and scattering in a different way. The combination of such multiple measurement 133 
series with an accurate model, which mathematically describes light propagation as a function 134 
of the sample’s bulk optical properties (µa, µs and g), could provide a successful separation of 135 
the sample’s absorption and scattering properties (Steponavičius and Thennadil, 2013). 136 
However, superior separation between these absorption and scattering properties is only 137 
feasible if the optical sensor is designed to obtain a series of multiple measurements with least 138 
inter-correlation and maximum signal-to-noise levels. As the measured signals are, next to the 139 
sensor architecture, determined by the sample’s bulk optical properties (BOP), the optimal 140 
design of such a practical sensor configuration depends on the absorption and scattering 141 
properties of the samples to be measured. The effect of the BOP on the light propagation, and 142 
consequently the collected spectral signals, is very complex. Therefore, the optimal design 143 
cannot be calculated directly from a supplied range of BOP, though it can be determined 144 
through an iterative optimization procedure. In practice, a wide range of sensor configurations 145 
is physically possible. So, it is preferred to test the potential of each sensor configuration 146 
through these simulations, rather than building each of them and evaluating their performance 147 
from measurements on an extensive set of raw milk samples (Zamora-Rojas et al., 2014; 148 
Khankin et al., 2012; Gamm et al., 2011; Cen et al., 2010; Palmer and Ramanujam, 2007; 149 
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Sharma et al., 2006; Liu and Ramanujam, 2006; Luo et al., 2005). The sensor configuration 150 
which allows for the most robust separation between the absorption and scattering properties 151 
would obviously have the highest potential to retrieve accurate predictions for the milk 152 
composition (fat, protein, lactose, urea, etc.) and physical properties (fat globule and casein 153 
micelle size distribution) from respectively the obtained absorption and scattering properties. 154 
As these milk quality properties are highly correlated to cow health, such sensor would support 155 
on-farm dairy management.  156 
The Monte Carlo (MC) method for simulation of light propagation is a very accurate, 157 
flexible and is widely used in tissue optics (Tuchin, 2007). Therefore, it is particularly suitable 158 
to simulate the collected spectra series for each sensor configuration and for the range of BOP 159 
found in raw milk samples. Accordingly, the potential of each sensor configuration can be 160 
defined as the ability to extract the BOP from the collected signals, after adding noise typical 161 
for a Vis/NIR spectrometer. Such procedures of sensor design optimization have been widely 162 
studied and improved in the last decade and are still an important topic of research (Zamora-163 
Rojas et al., 2014; Khankin et al., 2012; Gamm et al., 2011; Cen et al., 2010; Palmer and 164 
Ramanujam, 2007; Sharma et al., 2006; Liu and Ramanujam, 2006; Luo et al., 2005). However, 165 
in order to consult these algorithms to obtain an optimal sensor design for quality control of 166 
raw milk, knowledge on the Vis/NIR BOP of raw milk is crucial. 167 
Recently, the influence of a varying fat globules size on the Vis/NIR scattering 168 
properties of milk was studied in detail (Aernouts et al., 2015). Moreover, reduction of the fat 169 
globule size resulted in a higher wavelength-dependency of both the bulk scattering coefficient 170 
and the scattering anisotropy factor, reducing their values for wavelengths above 600 nm and 171 
approaching the Rayleigh scattering phenomenon. Nevertheless, to our knowledge, no accurate 172 
information is available in literature on the mean, the variability and the range of the Vis/NIR 173 
bulk optical properties of raw milk from dairy cows, therefore defined as the main objective of 174 
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this study. The measurements focus on the 550 – 1900 nm wavelength range as, below 550 nm, 175 
the main milk components have no relevant absorption peaks, while above 1900 nm, water is a 176 
very strong absorber resulting in very low signal-to-noise levels for any type of optical 177 
measurement. Next, the obtained data was used to closely study the relation between the 178 
Vis/NIR bulk optical properties and the milk’s chemical and physical quality properties. 179 
MATERIALS AND METHODS 180 
Milk samples 181 
The milk samples considered in this research were collected in the context of the milk 182 
production registration system within Flanders (Belgium). Dairy farmers from all over Flanders 183 
can participate in this system to monitor the milk composition and production of their individual 184 
cows ones every 4 – 6 weeks. These data are used to improve breeding and genetic selection 185 
and to some extent for the evaluation and basic adjustment of feeding. For each cow, a 186 
representative milk sample (27 ml) is collected, preserved (4°C and ±0.11% v/v preservative; 187 
Qlip N.V., Leusden, the Netherlands) and analyzed  with the Milkoscan FT+ (Foss A/S, 188 
Hillerod, Denmark) to determine the milk fat and crude protein content (ISO 9622:2000). 189 
According to the fabricant, the preservative contained Patent Blue V calcium salt (CAS: 3536-190 
49-0, Sigma-Aldrich, St. Louis, MO) as a visible colorant marker. For this study, 60 raw milk 191 
samples, originating from 60 different cows and 17 different dairy farms were selected from a 192 
large collection of 1200 samples (20 dairy farms) to cover the maximum range of the 193 
compositional variance. Moreover, the 1200 samples were ordered on fat content and the first 194 
and every 40th sample was selected (total 31 samples). The same procedure was repeated for 195 
the protein content on the remaining samples.  196 
Table 1 gives an overview of the most important statistical parameters describing the fat 197 
and crude protein content of the selected sample set. The casein content was calculated as 75.5% 198 
of the crude protein content (Aernouts et al., 2015; Walstra et al., 2006). Comparison of the 199 
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mean, standard deviation (SD) and the range (Max – Min) of this sample set [Table 1] with the 200 
same statistical parameters of a much larger dataset (Milk Control Center-Flanders) indicates 201 
that the 60 samples are representative for the large population of milk produced by individual 202 
cows in Flanders (Aernouts et al., 2011). The correlation between both components was found 203 
to be in the normal range (R = 0.34) (Aernouts et al., 2011). 204 
  205 
Measurement of bulk optical properties for raw milk samples 206 
Double integrating sphere (DIS) and unscattered transmittance measurements were used 207 
to determine the BOP of the milk samples, as this is considered to be the ‘golden standard’ 208 
method for BOP measurement of thin samples of turbid media. The sample illumination in this 209 
setup was especially designed to obtain high signal-to-noise spectra in the 500 – 2250 nm 210 
wavelength range for very turbid media like raw milk. It consists of a supercontinuum laser 211 
light source (500 – 2250 nm, 4 Watt optical power) in combination with a high-precision 212 
monochromator. The total reflectance (MR) and total transmittance (MT) were measured 213 
simultaneously on each milk sample loaded in a cuvette (Schott, Germany) with a path length 214 
of 600 µm and positioned between the two integrating spheres. Both spheres were equipped 215 
with a Vis (400 – 1100 nm) and NIR (1100 – 2400 nm) detector. Unscattered transmittance 216 
(MU) was measured in a separate path with the Vis and NIR detectors positioned 1.5 m behind 217 
the sample to limit the fraction of scattered photons collected by the detectors (Aernouts et al., 218 
2014, 2013). To obtain sufficient unscattered transmittance signal, the sample was loaded in a 219 
thinner cuvette with a path length of 170 µm (Schott, Germany). A series of slits between 220 
sample and detector further reduced the number of scattered photons captured in the unscattered 221 
transmittance signal. For a more extensive description of the measurement setup, the calibration 222 
and measurement procedure and a thorough validation, the reader is referred to (Aernouts et al., 223 
2013). Moreover, this validation study showed the high repeatability and signal-noise ratio of 224 
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the system to obtain the BOP of very turbid samples in the Vis/NIR (Aernouts et al., 2013). The 225 
samples were thoroughly stirred before they were measured at 22±1°C (room temperature) to 226 
ensure the homogeneity and temperature stability of the sample during the measurement. All 227 
sample spectra were measured from 550 until 1900 nm in steps of 10 nm by automated scanning 228 
of the pre-dispersive monochromator. The measurement takes 110 seconds, which was well 229 
below the time span (10 minutes) after which creaming was starting to have a measurable effect 230 
on the collected signals. 231 
The diffuse reflectance (MR) of the samples was derived from the total reflectance after 232 
subtraction of the specular reflectance. The latter was calculated at the air-cuvette and cuvette-233 
sample interfaces through the Fresnel equations which use the real refractive indices of air (1), 234 
the cuvette windows (provided by the manufacturer, Schott, Germany), and the milk sample. 235 
The refractive index was calculated for each sample individually from the available milk 236 
composition data, with the equation proposed by Walstra and Jenness (1984), taking into 237 
account the sample temperature (22°C). 238 
The inverse adding doubling (IAD) routine developed and optimized by Prahl (Prahl, 239 
2010) was consulted to obtain the Vis/NIR BOP spectra from the obtained diffuse reflectance 240 
and total and unscattered transmittance spectra. Because of significant contribution of scattered 241 
photons, no BOP estimation could be established if the unscattered transmittance was below 242 
0.01%. This was the case for approximately one third of the samples, mainly for radiation 243 
wavelengths shorter than 1200 nm. If MU was below 0.01%, this measurement was neglected 244 
and an estimate for the anisotropy factor g was provided to the IAD algorithm to allow for the 245 
separation of µa and µs (Prahl, 2010). For these samples, the average g spectrum was used as 246 
estimate. Moreover, as the variability between the obtained g spectra was very small [Figure 247 
1(c)], the average g spectrum is expected to be close to the actual g spectrum and the separation 248 
between scattering and absorption should be sufficiently accurate (Prahl, 2010). Additionally, 249 
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also the reduced scattering coefficient µs’ is reported. µs’ combines µs and g according to the 250 
similarity relation µs’ = µs(1 – g) and can be used to accurately describe scattering after 251 
sufficient scattering events. In other words, after diffusion of the light, scattering can be 252 
accurately described with µs’ alone, without the need for separation between µs and g (Tuchin, 253 
2007). 254 
RESULTS AND DISCUSSION 255 
Variability in the bulk optical properties of raw milk 256 
The BOP spectra for all 60 raw milk samples were extracted from the measured MR, MT 257 
and MU spectra with the IAD algorithm. In Figure 1, the mean, mean ± standard deviation (SD), 258 
minimum (Min) and maximum (Max) values are shown for the derived BOP. The µa spectra 259 
[Figure 1(a)] indicate a very clear signature of water, with absorption peaks around 970, 1200, 260 
1450 and 1940 nm. It should be noted that the peak in µa around 650 nm is caused by the 261 
colorant (Patent Blue V), present in the added preservative. Most of the variation in the µa 262 
spectra can be noticed at the absorption peaks of the colorant, water and around 1220 and 1740 263 
– 1770 nm. The latter wavelengths are typical absorption peaks for milk fat as they correspond 264 
to respectively the second and first overtone stretch-vibrations of the CH2-bonds (Šašić and 265 
Ozaki, 2000). As the milk fat content varies between 1.52 and 12.0% (v/v) [Table 1], noticeable 266 
variation can be expected at those absorption bands. Moreover, because of the water 267 
displacement effect, a higher dry matter content, related to a higher fat and/or crude protein 268 
content, would result in a lower absorption at the water peaks, explaining the considerable 269 
variation at the water absorption peaks. Additionally, the high variability around 650 nm 270 
indicates that the preservative concentration clearly varies between samples. At wavelengths 271 
where nearly no absorption is expected (720 – 820 nm), still a small baseline of maximum 0.116 272 
cm-1 can be noticed. This is probably the result of very little cross-talk between µa and µs in the 273 
BOP estimation procedure. As µs is relatively high (100 – 1000 cm-1) compared to µa (0 – 35 274 
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cm-1), little cross-talk of µs to µa is already noticeable as a small baseline, especially at 275 
wavelengths where µa is close to zero. 276 
The variation in the scattering coefficient spectra of raw milk in the 550 – 1900 nm 277 
wavelength range is large, ranging from 100 until nearly 1000 cm-1 [Figure 1(b)]. Fat globules, 278 
and to a smaller extend also casein micelles, are the main cause of scattering in milk (Aernouts 279 
et al., 2015). As a result, a higher fat and casein (~protein) content, which is associated with a 280 
higher quantity of respectively fat globules and casein micelles, results in an increase of the 281 
bulk scattering coefficient spectra (Aernouts et al., 2014). Moreover, if scattering events are 282 
uncorrelated and the size of fat globules and casein micelles is stable, there is a linear positive 283 
(independent scattering) relation between µs and particle quantity (Aernouts et al., 2014; 284 
Gaygadzhiev et al., 2008; Alexander et al., 2002). As the variation in fat and protein content in 285 
the set of 60 samples is large, it is expected to be the main source of variation in the µs spectra. 286 
Additionally, as was found in an earlier study, also the variability in the fat globule size 287 
distribution between milk samples will have an important share in the µs variability, especially 288 
for wavelengths from 550 until 1100 nm (Aernouts et al., 2015). Moreover, smaller fat globules 289 
were found to result in a more steep Vis/NIR µs spectrum, with the maximum shifted towards 290 
smaller radiation wavelengths and vice versa (Aernouts et al., 2015). The µs variation in the set 291 
of 60 samples was found to be maximal in the 550 – 1100 nm wavelength range, with values 292 
ranging from 120 until 950 cm-1. This is probably because the effect of the fat globule size on 293 
µs is maximal in this wavelength range, additional to the effect of the fat and protein content.  294 
If the independent scattering condition is valid, the anisotropy spectrum should be 295 
mainly influenced by the size of the fat globules, while being independent of the fat content 296 
itself (Aernouts et al., 2014, 2015). As a result, the variability in the g spectra is relatively small 297 
[Figure 1(c)]. In the 550 – 1900 nm wavelength range, the anisotropy factor for raw milk 298 
increases steadily with increasing radiation wavelength until it reaches a maximum around 1000 299 
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nm (Aernouts et al., 2015). Around these wavelengths, the scattering anisotropy is maximal and 300 
the fat globules in raw milk scatter most of the light in the forward direction. For longer 301 
radiation wavelengths, the anisotropy factor decreases with increasing wavelength, indicating 302 
more isotropic scattering. In a previous study, it was found that a higher g spectrum, mainly for 303 
radiation wavelengths above 1100 nm, indicates larger milk fat globules (Aernouts et al., 2015). 304 
As the reduced scattering coefficient spectrum is the result of both the µs and g spectrum, 305 
it contains information from both the milk fat globules size and quantity. However, as all the 306 
µs’ spectra are nearly parallel [Figure 1(d)], it seems that the effects of the fat globule size on 307 
µs and g neutralize each other if they are combined. In the Vis/NIR, µs’ follows a steady 308 
decrease with increasing radiation wavelength until it reaches a nearly stable level for 309 
wavelengths above 1500 nm. 310 
 311 
Effect of the fat globules on the bulk scattering properties of raw milk 312 
In earlier studies (Aernouts et al., 2015; Frisvad et al., 2007), it was shown that the fat 313 
globules are, next to the casein micelles, the main source of Vis/NIR scattering in unskimmed 314 
milk. This is because the volume fraction of the fat globules is usually larger, while the Vis/NIR 315 
scattering intensities for a normalized volume fraction are also higher (Aernouts et al., 2015). 316 
Additionally, relative to the fat content, the crude protein, which consists of ±75.5% w/w casein, 317 
experiences only small variations in individual raw milk samples [Table 1] (Aernouts et al., 318 
2015; Walstra et al., 2006). As a result, the variability in the bulk scattering properties of raw 319 
unskimmed milk is mainly determined by the variability in the size and quantity of the fat 320 
globules. Because of this,  the relation between the fat globule size and quantity, and the bulk 321 
scattering properties of raw milk is discussed more in detail. In Figure 2 the bulk scattering 322 
properties are shown for 6 raw milk samples with a varying fat content and a practically constant 323 
crude protein content (2.36 – 2.49 % v/v). The crude protein content was kept constant to further 324 
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reduce the effect of casein micelles on the interpreted results. In this plot, 3 groups of each 2 325 
samples can be distinguished based on the fat content, with a large variability between groups 326 
and practically no variability within a group. This allows to study the effect of the fat content 327 
and fat globule size separately. The µs spectra [Figure 2(a)] indicate that a higher fat content 328 
generally results in higher Vis/NIR bulk scattering coefficients. However, within a group of 329 
similar fat content, large variability can still be noticed in the µs spectra, especially for 330 
wavelengths below 1100 nm. This is probably caused by a difference in size of the fat globules 331 
between the two samples in the same group. Within the low-fat group (3.45 ± 0.065% v/v), 332 
small differences between the µs spectra can only be noticed for the wavelengths below 1000 333 
nm. The sample with 3.51% (v/v) fat probably contains slightly smaller fat globules, as an 334 
earlier study showed that smaller milk fat globules are related to a steeper µs spectrum in the 335 
550 – 1900 nm range (Aernouts et al., 2015). The same phenomenon is even more clear for the 336 
other two groups. Additionally, in these groups, a steeper µs spectrum in the Vis/NIR range is 337 
also related to a maximum µs at smaller wavelengths, typical for smaller scattering particles 338 
(Aernouts et al., 2015; Cabassi et al., 2013; Cattaneo et al., 2009). Within each group of raw 339 
milk samples with a similar fat content, the µs spectra seem to cross each other in the 1200 – 340 
1400 nm wavelength range. Accordingly, the µs in this wavelength region might be less 341 
dependent on the fat globule size and have a higher correlation with the fat content itself. 342 
As the anisotropy factor should be independent of the fat content if scattering processes 343 
are independent, g mainly contains information on the size of the fat globules (Aernouts et al., 344 
2015, 2014). Moreover, an earlier study indicated that larger milk fat globules resulted in a 345 
higher anisotropy factor in the 1100 – 1900 nm wavelength range (Aernouts et al., 2015). 346 
Within each group, the sample with the smallest fat globules, according to the µs spectra 347 
(steeper and maximum shifted towards smaller wavelengths), was also characterized by a lower 348 
g spectrum for wavelengths above 1100 nm. Moreover, even between groups, a lower g 349 
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spectrum in the 1100 – 1900 nm wavelength range strongly correlates with a steeper µs 350 
spectrum and a maximum µs at shorter wavelengths. This strengthens the hypotheses that were 351 
generated in the previous paragraph. 352 
The effect of the fat globule size, which is unambiguously present in the µs and g spectra, 353 
is not clearly noticeable in the µs’ spectra. Moreover, while the 3 fat-content groups could 354 
clearly be separated based on their µs spectra, only 2 distinct groups appear in the µs’ spectra 355 
for wavelengths below 1200 nm. Furthermore, no grouping of the µs’ spectra can be noticed for 356 
wavelengths above 1200 nm. So, it seems that the fat globule size information present in µs and 357 
g, and the fat content information in µs partially neutralize each other if µs and g are combined. 358 
This implies that µs’ spectra alone might be insufficient to estimate the fat globule size and/or 359 
fat content and that accurate separation of µs and g would be required. This is, however, only 360 
feasible if the unscattered transmittance can be accurately measured, or if accurate diffuse 361 
reflectance and/or diffuse transmittance signals can be collected at very short source-detector 362 
distances (Watté et al., 2012; Kanick et al., 2012; Prahl, 2010; Sharma and Banerjee, 2003; 363 
Kienle et al., 2001). 364 
As the milk fat globule quantity and size mainly determine the bulk scattering properties, 365 
they also have their impact on the measured signals. The diffuse reflectance, total transmittance 366 
and unscattered transmittance spectra for the 6 samples considered in Figure 2 are shown in 367 
Figure 3. As MR and MT are the integrated signals over all exit positions and exit angles of the 368 
light at respectively the reflectance and transmittance side of the sample, the similarity relation 369 
is valid and scattering can be described very accurately with only µs’ (Prahl, 2010; Tuchin, 370 
2007). Accordingly, the 2 groups that could be observed from the µs’ spectra [Figure 2(c)] also 371 
appear in the MR and MT spectra [Figure 3(a) and (b)]. Consequently, the overall levels of the 372 
MR and MT spectra do not correlate well with the fat content of the samples. As µs is dominant 373 
over µa in the Vis/NIR range for raw milk, MU is primarily influenced by µs. This can be clearly 374 
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observed in Figure 3(c). Moreover, as the MU spectra are presented on a logarithmic scale, the 375 
plotted MU spectra are very close to the inverse of the µs spectra [Figure 2(a)]. As a result, the 376 
3 fat-content groups also clearly appear in the MU spectra. 377 
 378 
Relation between bulk optical properties and composition of raw milk 379 
The fat globules and casein micelles are both important absorbing and scattering 380 
components in milk. Consequently, the correlation (R) between the content of milk fat and 381 
casein of all 60 samples [Table 1], and the measured µa and µs values have been calculated at 382 
each of the considered wavelengths [Figure 4]. High positive correlation coefficients of 0.751 383 
and 0.632 – 0.762 were found between the fat content (% v/v) and the µa at 1220 and 1740 – 384 
1770 nm. These are most likely related to respectively the second and first overtone stretch-385 
vibrations of the CH2-bonds (Šašić and Ozaki, 2000). Moreover, a negative correlation (R = -386 
0.616) was found between the fat content and the water absorption at 1450 nm. As fat is an 387 
important part of the dry matter in milk, a negative correlation with the water content is obvious. 388 
The positive correlation (R ≥ 0.4) between the fat content and µa from 700 until 1100 nm cannot 389 
be attributed to the absorption by fat. Moreover, it might be caused by the small cross-talk 390 
between µs and µa [Figure 1(a) Detail], as the correlation between the fat content and µs in that 391 
range is relatively high (R ≥ 0.839) [Figure 4(b)]. 392 
Positive correlations of 0.378, 0.157 – 0.202 and 0.228 – 0.452 were found between the 393 
casein content (% v/v) and µa at 1250, 1580 – 1620 and 1670 – 1860 nm. These absorption 394 
peaks are probably related to respectively the first overtone of amide A + amide II vibrations, 395 
the overlapping first overtone of amide A and amide B vibrations and the first overtone stretch-396 
vibrations of the CH-bonds in the protein side chains (Czarnik-Matusewicz et al., 1999). Similar 397 
to fat, casein followed a negative correlation (R = -0.252) with the water absorption at 1450 nm 398 
and an overall positive correlation with µa from 700 until 1100 nm. The latter might also be 399 
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explained as cross-talk from µs to µa, as in this wavelength range, µs has a considerable positive 400 
correlation (R ≥ 0.389) with the casein content [Figure 4(b)]. Around 650 nm, the correlation 401 
between µa and both the fat and casein content drops, because the variability in µa at these 402 
wavelengths is mainly caused by a varying preservative concentration. Compared to milk fat, 403 
the casein content has an overall weaker correlation with µa, which can be explained by the 404 
smaller variability of crude protein in the analyzed milk samples [Table 1]. As the absorption 405 
peaks of fat, protein, water and/or other milk components overlap, it is not possible to get a 406 
perfect correlation between the absorption at a single wavelength and the concentration of a 407 
milk component. Combination of the absorption information present at different wavelengths 408 
through the use of multivariate calibration techniques could help to overcome this ‘selectivity 409 
problem’. Since nearly no scattering effects are present in the µa spectra, accurate prediction 410 
models could potentially be built on these data without the need for empirical scatter 411 
corrections. Moreover, changes in the scattering properties would have (nearly) no impact on 412 
µa such that the predictions are expected to be robust. 413 
In Figure 4(b) the correlation between the µs spectra and both the fat and casein content 414 
in raw milk is shown. An overall high positive correlation (R ≥ 0.766) with the fat content (% 415 
v/v) was found, with the highest correlation (R ≥ 0.975) in the 1300 to 1400 nm wavelength 416 
range. The very high correlation in the 1300 to 1400 nm region is probably because the size of 417 
the fat globules in raw milk has the least impact on µs at those wavelengths [Figure 2(a)]. 418 
Accordingly, µs will be more dependent on the fat content itself. For radiation wavelengths 419 
outside the 1300 – 1400 nm range, the size of the fat globules clearly affects µs, resulting in a 420 
lower correlation with the fat content itself. 421 
A much lower correlation (R = 0.276 – 0.556) was found between the casein content (% 422 
v/v) and µs [Figure 4(b)]. This is probably because casein micelles contribute less to the light 423 
scattering in the Vis/NIR range (Aernouts et al., 2015; Bogomolov et al., 2012). The correlation, 424 
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however, increased with decreasing wavelength. Because casein micelles are small (10 – 500 425 
nm) compared to the radiation wavelengths (550 – 1900 nm), the µs spectrum of casein micelles 426 
increases exponentially with decreasing wavelength towards the ultraviolet (UV) (Aernouts et 427 
al., 2015). Moreover, as the native fat globules in raw milk have a size (0.1 – 10 µm) similar to 428 
the radiation wavelengths, scattering increases with decreasing wavelength towards a maximum 429 
in the Vis/NIR, followed by a decrease towards the UV [Figure 2(a)]. As a result, the 430 
contribution of casein to the µs spectrum of raw milk increases for decreasing wavelengths in 431 
the UV/Vis, which confirms the correlations in Figure 4(b). These observations are supported 432 
by the findings from other Vis/NIR scattering experiments on raw milk (Kucheryavskiy et al., 433 
2014; Bogomolov et al., 2013; Bogomolov and Melenteva, 2013; Bogomolov et al., 2012; 434 
Dahm, 2013). Moreover, it was found that scattering of raw milk at Vis wavelengths near the 435 
UV are more related to the casein content, while a better relation with the fat content was 436 
obtained towards the NIR. 437 
In Figure 5, the relation between the fat content and µs at 3 radiation wavelengths (600, 438 
1300 and 1700 nm) is provided. The solid lines in  represent the linear fit between the fat content 439 
for all 60 raw milk samples and the respective µs at each of the 3 considered wavelengths. A 440 
poor correlation was found at 600 nm, while it was superior around 1300 nm. This was already 441 
clearly indicated in Figure 4(b). The fitted linear lines (solid) generally overestimate the µs at 442 
low (< 4% v/v) and high fat concentrations (> 8% v/v). This indicates that the relation between 443 
µs and the fat content is probably not linear, resulting from the effect of dependent scattering 444 
(Aernouts et al., 2014; Gaygadzhiev et al., 2008; Alexander et al., 2002). An earlier study on 445 
milk (Aernouts et al., 2015) showed that there was no significant effect of dependent scattering 446 
on the Vis/NIR µs spectra of raw milk if the fat content was below 3 – 4% (v/v). For these raw 447 
milk samples, the individual scattering processes will be independent and µs is expected to 448 
follow a linear increase with increasing fat content if the fat globule size is constant. 449 
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Nevertheless, if the fat content is above 4%, the scattering fat globules are close enough to 450 
influence the scattering by a neighboring fat globule. This generally results in a reduction of 451 
the bulk scattering coefficient spectra relative to those expected from the linear independent 452 
scattering relations (Aernouts et al., 2014; Gaygadzhiev et al., 2008; Alexander et al., 2002; 453 
Aernouts et al., 2015). To illustrate the effect of dependent scattering, a second linear curve 454 
(dashed line) was fitted between the µs and the fat content for the raw milk samples with 4% 455 
(v/v) fat or less [Figure 5]. Compared to the solid line (all data), the dashed line (independent 456 
scattering) resulted in a consistently higher slope. Moreover, the linear independent scattering 457 
fit (dashed line) generally overestimates the µs for fat contents above 4 – 5% (v/v), while this 458 
effect increases with increasing fat content (Aernouts et al., 2014; Gaygadzhiev et al., 2008; 459 
Alexander et al., 2002; Aernouts et al., 2015). At 600 nm wavelength, the difference between 460 
the slopes of the two linear fits is the largest [Figure 5 (a)]. This is probably related to the 461 
increased variability in µs for fixed fat contents [Figure 2(a)], additional to the effect of 462 
dependent scattering. Moreover, the increased variation is likely due to the effect of a varying 463 
fat globule size on µs, which is maximal for radiation wavelengths below 1100 nm [Figure 2(a)]. 464 
Accordingly, the effect of dependent scattering on the difference between slopes is inferior at 465 
these wavelengths. 466 
As the effect of dependent scattering on µs is clearly present in the data [Figure 5], a 467 
non-linear model, taking into account this effect, would likely result in an improved fit with the 468 
data of µs versus the fat content (Aernouts et al., 2014; Gaygadzhiev et al., 2008; Alexander et 469 
al., 2002). Consequently, measurement of the µs at a single wavelength around 1300 nm could 470 
result in very accurate prediction of the fat content in raw milk samples. 471 
The offset of the linear independent scattering fit (dashed line) gives the estimated 472 
average µs spectrum of these samples if no fat globules would be present [Figure 6]. 473 
Consequently, it relates to the average µs spectrum of the casein fraction in the raw milk 474 
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samples. In Figure 6, this offset is illustrated in function of the wavelength. Additionally, also 475 
the µs spectrum simulated for the casein fraction in a bulk milk sample (fat and crude protein 476 
content of respectively 4.52 and 2.65% v/v), as obtained from a previous study (Aernouts et al., 477 
2015), was plotted. Although the offset-spectrum is the result of a fitting procedure on many 478 
diverse samples with a variable casein content [Table 1], there is a fairly good agreement 479 
between both curves. 480 
CONCLUSION 481 
The visible (Vis) and near-infrared (NIR) bulk optical properties of a set of 60 raw milk 482 
samples representative for milk from Flemish Holstein-Friesian cows have been measured on a 483 
double integrating spheres and unscattered transmittance setup. The variation in the absorption 484 
coefficient spectra was found to be clearly related to the composition of the milk samples, with 485 
clear influences of the water, fat and casein content. The bulk scattering coefficient spectra were 486 
found to be primarily influenced by the quantity and the size of the fat globules. A higher fat 487 
content results in an overall increase, while smaller fat globules produce steeper Vis/NIR bulk 488 
scattering coefficient spectra. Accordingly, the observed variation in the Vis/NIR bulk 489 
scattering coefficients was large. In the 1300 – 1400 nm wavelength range, the effect of the fat 490 
globule size on the bulk scattering coefficient of raw milk was found to be minimal, resulting 491 
in a strong positive correlation (R ≥ 0.975) with the fat content. Moreover, the contribution of 492 
the fat content to the bulk scattering coefficient reduced towards the ultraviolet (UV), while the 493 
impact of the casein content increased. This could indicate the potential of UV scattering 494 
measurements for estimation of the casein content in raw milk. The anisotropy factor, on the 495 
other hand, is mainly influenced by the size of the fat globules and is nearly independent of the 496 
particle quantity. Moreover, larger milk fat globules cause more forward scattering of NIR light, 497 
which is represented by a higher anisotropy factor. As the fat and casein content had no 498 
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noticeable impact on the anisotropy factor, the variation in the anisotropy factor spectra of raw 499 
milk samples was rather limited. 500 
The obtained information on the BOP of milk can be consulted in simulation studies to 501 
improve the insight in Vis/NIR light propagation in milk and other types of emulsions, which 502 
is essential for the optimal design of a Vis/NIR spectroscopic sensor that can accurately monitor 503 
the quality of raw milk. Moreover, this study indicates that, for the extraction of fat globule size 504 
from the scattering properties, a good separation between the bulk scattering coefficients and 505 
the anisotropy factors is essential. This can only be achieved with accurate unscattered 506 
transmittance measurements or multiple diffuse reflectance and/or diffuse transmittance 507 
measurements close to the point of illumination. Unscattered transmittance measurements of 508 
undiluted raw milk is, however, very challenging as very thin path lengths (< 200 µm) are 509 
required, the detector should be installed far (> 1 m) behind the sample and the unscattered 510 
transmittance signals are relatively weak. On the other hand, a small source-detector distance 511 
in diffuse reflectance and/or diffuse transmittance measurements results in a reduced 512 
penetration depth. Accordingly the minimal distance is limited as the sampled volume should 513 
be representative for the entire sample. 514 
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FIGURE TEXT 680 
Figure 1: The mean, mean ± standard deviation (SD), minimum (Min) and maximum 681 
(Max) values for the bulk optical properties for 60 raw milk samples in the 550 – 1900 nm 682 
wavelength range: (a) bulk absorption coefficient µa; (b) bulk scattering coefficient µs; (c) 683 
anisotropy factor g; and (d) reduced scattering coefficient µs’. 684 
Figure 2: The bulk scattering properties for 6 raw milk samples with a nearly constant 685 
crude protein content (2.36 – 2.49% v/v) and a varying fat content (% v/v in legend): (a) bulk 686 
scattering coefficient µs; (b) anisotropy factor g; and (c) the reduced scattering coefficient µs’. 687 
Figure 3: The measured (a) diffuse reflectance MR, (b) total transmittance MT and (c) 688 
unscattered transmittance spectra MU for 6 raw milk samples with a nearly constant crude 689 
protein content (2.36 – 2.49% v/v) and a varying fat content (% v/v in legend). 690 
Figure 4: Correlation (R) between the content of milk fat and casein and (a) the bulk 691 
absorption coefficient µa and (b) the bulk scattering coefficient µs in function of the radiation 692 
wavelength. 693 
Figure 5: Scatterplots of fat content (% v/v) versus the bulk scattering coefficient µs at 694 
(a) 600 nm, (b) 1300 nm and (c) 1700 nm. A linear curve is fitted to all the data points (solid 695 
lined) and to the data points for which the fat content was below or equal to 4% (v/v) (dashed 696 
line). 697 
Figure 6: Simulated (*) µs spectrum for casein micelle fraction (2% v/v) in raw milk 698 
(Aernouts et al., 2015) and spectrum of offset values for the linear fit between the bulk 699 
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Figure 5 715 
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Aernouts: figure 5 717 
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Figure 6 719 





































Component Mean SD Min Max 
Fat 5.24 2.01 1.52 12.0 
Crude protein 2.72 0.424 2.09 3.73 
Casein 2.05 0.424 1.58 2.82 
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